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Abstract; This paper presents a novel method of the speaker recognition in combining the discrete wave-
let transform with RBF neural network so as to improve the speaker recognition system performances. The
wavelet transform and Mel Frequency Cepstrum Coefficient extraction are combined. After displacing the
discrete cosine transform with the wavelet transform, the amplitudes of transformed spectrum are extracted
as the feature parameters. The BP networks are displaced by the RBF neural networks, with superior
studying speed, approaching and characterizing ability. The initial weights choosing of the RBF networks
are optimized by using an approach correlating with the input samples. Different speech length and SNR
experiments show that the system recognition rate and robustness are all improved.
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Fig. 4 Recognition rate comparison between MFWC
and MFCC features at different speech lengths
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